ABSTRACT NF-B is a transcription factor family that activates numerous genes that are related to cell survival, apoptosis, and cell migration. Its persistent activity is associated with tumor formation, growth, metastasis, and drug resistance in many cancer types, including lymphoma, colon cancer, and breast cancer. Current therapeutic efforts for inhibiting this central "switch" include using small molecules to block a selected target in this pathway. Recognizing the regulatory network structure of the NF-B pathway, we examine in silico the effects of inhibitors targeting various network components, using a kinetic model of the pathway. By simulating the corresponding perturbed system dynamics, we show the resulting time course of inhibition has distinct target-specific profiles. In particular, greater oscillatory potential exists for inhibition of upstream events than for direct inhibition of NF-B, at low drug concentrations. This phenomenon is observed also when we examine the dynamic effects of the recently approved proteasome inhibitor, bortezomib (PS-341), and compare it with other inhibitors, taking its pharmacokinetics into consideration. Such kinetic analyses of the "drugged" molecular system will facilitate optimal drug target selection and the development of treatment protocols for a molecularly targeted therapy.
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Nuclear factor (NF)-B family of proteins is considered a central regulator of cellular responses to various conditions, such as infections, hypoxia, growth factors, and physical stress. Generally eliciting pro-survival/antiapoptotic gene expression programs, NF-B is typically expressed transiently to activate certain target genes (Pahl, 1999) . Under normal conditions, it is kept in the cytoplasm by the inhibitor proteins IB. When an upstream stimulus activates IB kinase (IKK), it phosphorylates IB, which will then be degraded in a ubiquitin-proteasome pathway. Thereafter, released NF-B proteins translocate into the nucleus and activate the transcription of target genes. NF-B also activates its own inhibitor, IB␣, giving rise to a negative feedback control (Ghosh and Karin, 2002) .
The activity of NF-B is constitutively elevated in many types of cancer, promoting the growth and progression of tumors and resistance to chemotherapy (Darnell, 2002; Garg and Aggarwal, 2002) . As a result, the NF-B pathway has emerged as an attractive drug target. Small molecules that disrupt this pathway are currently being evaluated for therapeutic purposes (Ni et al., 2001; Darnell, 2002; Garg and Aggarwal, 2002; Hideshima et al., 2002; . Selection of drug targets within the NF-B pathway should take into consideration the network structure of this activation pathway, which minimally consists of IKK, IB␣, and NF-B, and their interconnected dynamic interactions. Choosing the optimal point of inhibition can be facilitated by kinetic analyses of this activation module.
In this study, we use a quantitative dynamic model for the purpose of analyzing the changes that may arise from therapeutic modulations. This is an attempt to integrate different types of biological data to construct a working model that is predictive of the drug effects upon the targeted molecular network (Sarkar and Lauffenburger, 2003) . The goal is to assess different therapeutic strategies and treatment schedules, using quantitative dynamical models and preclinical data, and select clinical protocols that maximize the desired drug effect. Such models should include not only the network dynamics of the target molecular system but also a profile of the drug concentration and proposed mechanism(s) of the drug action. Consequences of a particular perturbation can be simulated in time course using a system of differential equations that describes the model. Hoffmann et al. (2002) recently constructed a differential equations model of the NF-B pathway using published reaction parameters and applied it to analyze the response patterns to various input signals. In this study, we combine a similar model for the NF-B network with intracellular concentration models for various types of inhibitors and illustrate potential utilities of such systems analyses for clinical studies.
Materials and Methods
Model Construction. To understand the simultaneous interactions of various molecular species in the NF-B activation module, we modeled this dynamical system using a set of ordinary differential equations and mass action kinetics (see Fig. 1 ). The reaction parameters were obtained from Hoffmann et al. (2002) . These parameters are experimentally observed values that were either directly measured or indirectly estimated. We did not consider the effects of inhibitor proteins IB␤ or IB⑀ because, under constitutive activity of IKK, NF-B does not directly induce resynthesis of these proteins, so their presence becomes negligible in the steady state. The processes involved in gene transcription and translation are very complex with mostly unknown kinetic features. Modeling those individual steps is not necessary as long as none of these intermediates interact with the other model components. For our purpose, this was indeed the case, because modulating the transcription/ translational machineries would not be specific to the NF-B system and hence outside of our focus on highly specific therapies. Therefore, we modeled de novo synthesis of IB␣ as a single delayed process. This process appears in the model as a first-order term with rate constant that was calibrated so that the temporal profiles of NF-B activity and IB qualitatively match the experimental data. The time delay between the NF-B binding to the promoter DNA and the appearance of synthesized functional IB␣ proteins in the cytoplasm was set at 40 min. Changing this value within a realistic range affects the period of the oscillation but does not alter the qualitative dynamical features of the system. Simulation Protocol. The initial condition for the unstimulated system (no IKK activation) was 0.03 M free cytoplasmic IB␣; 0.04 M cytoplasmic complex NF-B:IB␣; free nuclear IB␣. The onset of IKK activity was introduced at t ϭ 0 as a Gaussian spike k(t) in d/dt IKK (see Fig. 1 ) with total influx of 0.025 M. All simulations were run using MATLAB (release 13), which has a delay differential equations solver, "dde23".
The molecule A was assumed to competitively inhibit IKK with binding kinetics the same as that of the natural reaction involving NF-B:IB␣ and IKK. The degradation of this molecule was assumed to be negligible to reflect the kinetics of an unnatural synthetic molecule. The introduced concentrations for Fig. 4 , A and B, were 50 and 150 nM, respectively. Equations for A and for the complex A-IKK were added to the constitutive NF-B model constructed above. In addition, a term was added to the IKK equation for interaction between A and IKK. The mass action association/dissociation rate constants were a 2 and d 2 based on the assumptions. Several other concentration values of A were also simulated to see the effect on the overall dynamics.
The effect of administering the molecule B is modeled in a similar manner as for A. Molecule B competitively inhibits cytoplasmic NF-B with the same binding kinetics as the reaction between NF-B and IB␣ (with rate constants a 1 and d 1 ). Because nuclear translocation of B was not allowed, it could not inhibit nuclear NF-B.
For simulating the inhibition of the degradation of IB␣, we could not introduce an additional component to the system as A or B above because the degradation processes were not explicit in the model. Instead, we adjusted the term for NF-B released after the degradation of IB␣, and the individual terms for IB␣ and NF-B:IB␣ molecules rescued from degradation. More specifically, r 1 NF:I:IKK was changed to 0.2 r 1 NF:I:IKK for d/dt F, d 3 I:IKK to (d 3 ϩ 0.8 r 2 ) I:IKK for d/dt I, and d 2 NF:I:IKK to (d 2 ϩ 0.8 r 1 ) NF:I:IKK for d/dt NF:I. These adjustments corresponded to the 80% inhibition in the rate of degradation. A separate simulation was run for 95% inhibition.
To simulate the inhibition dynamics under a pharmacokinetic (PK) profile of drug concentration, data on the proteasome inhibitor bortezomib were used. Ideally, the drug input to the molecular pathway should be the drug concentration measured from isolated cancer cells. For many reasons, however, such a data collection is rare. In the absence of such data on bortezomib, we used a coarse approximation from conventional PK data. Published pharmacodynamics data for intravenously administered PS-341 (bortezomib) report 60% blood proteasome inhibition at 1 h after dosing as the maximum inhibition point . The mean half-life of bortezomib (also known as Velcade) is stated to range from 9 to 15 h in the prescribing information by Millennium Pharmaceuticals, Inc (http://www.mlnm.com/products/velcade/full_prescrib_velcade.pdf). Based on these data, we used a simple PK model in which the drug concentration increases linearly up to the maximum level at 1 h and decays exponentially with a half-life of 12 h. This PK model was used also for molecules A and B to compare the drug effects based on equal PK profiles. The maximum drug levels were 60% inhibition, 50 nM, and 50 nM for bortezomib, molecule A, and molecule B, respectively.
Results
We focused on situations in which IKK was constitutively active, even though the method could be generalized to other situations. As in Hoffmann et al. (2002) , NF-B in this work mainly represents the common p65:p50 heterodimer. Fig. 2 describes the basic NF-B model and the three types of inhibitors considered in this article. Figure 3 shows the time course of the various proteins where constant IKK activity is introduced at t ϭ 0 after which the system reaches a steady state. We have examined three inhibition strategies and sim- NF and I represent concentrations of NF-B and IB␣, respectively. Consecutively written molecules connected with a colon represent complexes; e.g., NF:I is the complex of NF-B and IB␣. Nuclear proteins are specified by the subscripted letter n; e.g., NFn is nuclear NF-B. Lowercase symbols are kinetic parameters whose values were adapted from Hoffman et al. (2002), except for the IB␣ synthesis-related parameters s and (see Materials and Methods).
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ulated the resulting "inhibition dynamics". The following analysis can be tailored to any small molecule inhibitors and treatment protocols. Our first example was for a molecule A, which competitively inhibited IKK. We assumed that the interaction kinetics was as efficient as that between IKK and NF-B:IB␣. In particular, the association/dissociation constants were the same for the two reactions, making A an "equal" competitor. Figure 4 shows the time course of the proteins when the molecule was introduced at a steady state of the constitutively active NF-B system shown previously. Two concentrations of A were chosen to represent the differential dynamics corresponding to low and high drug doses. It was striking that drug administration with a low dose resulted in a highly oscillatory behavior of the system even if the active IKK level was reduced significantly as expected (Fig. 4A) . Moreover, this behavior was typical for a range of low concentrations of the inhibitor A. Higher doses gradually diminished the spikes of nuclear NF-B until the system exhibited a damped oscillation at a much higher dose of A (Fig. 4B) .
Another scenario was to block the degradation pathway of IB␣ after it is phosphorylated by IKK. This could be achieved by inhibiting ubiquitination of IB␣ or its degradation by the 26S proteasome. Inhibiting 80% of the degradation rate resulted in oscillation of the system in a similar manner to that in the example above (Fig. 4A) . As the inhibition efficiency was increased, the oscillation shifted into a Fig. 2 . NF-B regulatory network structure. A pathway model for NF-B is shown with the three inhibitors considered in the text. Upstream stimuli converge at IKK and active IKK phosphorylates IB proteins that are subsequently degraded by the ubiquitin-proteasome pathway (not shown here). Freed from IB, NF-B then enters the nucleus to activate transcription of target genes. IB␣ is also induced by NF-B and newly synthesized IB␣ proteins can bind to NF-B in the cytoplasm or translocate into the nucleus and shuttle NF-B back from the nucleus. Inhibitor A binds to active IKK so that enzymatic activity of IKK is blocked. Inhibitor B binds to free NF-B in the cytoplasm blocking its nuclear entry. The inhibitor bortezomib (Velcade) blocks the activity of the proteasome that degrades IB␣. Fig. 3 . A constitutively active NF-B system. A constant level of active IKK is added to the system at t ϭ 0. In several hours, the system reaches a steady state of constitutive NF-B activity. The curves correspond to concentrations of cytoplasmic IB␣, active IKK, and free nuclear NF-B. The concentration unit for all plots in this article is micromolar. 
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damped oscillation. Inhibiting 95% of the degradation rate resulted in an inhibition dynamics very similar to that shown in Fig. 4B . The time course plots looked virtually identical to the corresponding plots in Fig. 4 for low and high inhibition cases. The proteasome inhibitor, bortezomib (PS-341), which was recently approved by the FDA for the treatment of multiple myeloma, acts by inhibiting the 26S proteasome (Adams et al., 1999; . Because this proteasome has additional roles in degrading proteins that are involved in cell cycle control, antigen presentation, and other processes, bortezomib modulates a variety of cellular processes that may contribute to toxicity. In this regard, it is a challenge in reality to achieve even 65% inhibition of the proteasome without exceeding the maximum tolerated dose .
The last inhibition approach was competitive inhibition of NF-B itself in the cytoplasm. The inhibitor molecule (B) was assumed to have the same association/dissociation constants as for the interaction between NF-B and IB␣, making it equally competent in binding to NF-B. Figure 5 shows the time course of the system showing stable reduction of the level of nuclear NF-B after some initial oscillation. It is interesting that the high concentration of the inhibitor B drove the system more into oscillation. The system eventually reached a steady state but the oscillation lasted significantly longer than it did in low-dose inhibition. This observation may reflect the fact that we assumed the binding capacity of the molecule B was the same as IB␣, which made possible the dynamic exchange of NF-B between its natural inhibitor and its synthetic inhibitor. The oscillation was present at both dose levels but became more pronounced when the system was perturbed with higher magnitude.
Next, we compared the above three in the context of transient intracellular drug kinetics. Although pharmacokinetics (usually measured as plasma drug concentration) and intracellular drug concentration kinetics in target cells should be distinguished in ideal situations, here we took common firstorder pharmacokinetics as a proxy for the target intracellular drug concentration, because of lack of more detailed data. Because bortezomib is currently the only inhibitor of NF-B activation with known mechanism of action and pharmacokinetics (http://www.mlnm.com/products/velcade/full_prescrib_ velcade.pdf,), we took its pharmacokinetics as an intracellular "wave" after a single dose administration of the inhibitors. This allowed a pharmacokinetically more realistic yet unbiased comparison of the different targeted approaches. In this setting, it was consistently observed that the first two approaches (using molecule A or bortezomib) produced virtually identical system dynamics (i.e., highly oscillatory), whereas inhibiting cytoplasmic NF-B (using molecule B) resulted in stable reduction of the target, nuclear NF-B. Figure 6A shows the inhibition dynamics where the pharmacodynamics of bortezomib reached maximum proteasome inhibition of 60% at 1 h after drug administration and decayed with a half-life of 12 h (see Materials and Methods). Figure 6 , B and C, corresponds to the pharmacokinetics of inhibitors A and B, respectively, with maximum concentration of 50 nM and half-life of 12 h.
To facilitate comparison of different inhibitors of the same pathway, we defined the area under the inhibition curve (AUIC) as the area under the percentage of inhibition versus time curve during a single dose interval, which is a measure of total drug effect from a single dose. This concept mirrors the area under the drug concentration curve in pharmacokinetics. Because the dose interval was arbitrarily set to be 24 h here, we scaled AUIC by dividing by 24 h so that this quantity was the same as the mean percentage of inhibition over the interval. Hence, we could use the formula AUIC ϭ [1 Ϫ mean (NF n )/(steady state NF n in the absence of drug)] ϫ 100 (%), where NF n is the concentration of free nuclear NF-B.
We considered several situations to conduct AUIC comparison analysis of various therapeutic strategies with the three types of inhibitors. The AUIC values depend on characteristic properties of the inhibitors such as the target-binding affinities and their PK. For inhibitors A, B, and bortezomib, the scaled AUIC values were 40.3%, 20.1%, and 19.6%, respectively, from the simulations in Fig. 6 . We have to keep in mind that, for A and B, the drug properties were based on our assumptions because of the lack of actual data. For example, the maximum tolerated dose of an IKK inhibitor or an NF-B inhibitor might be substantially higher than that of a proteasome inhibitor (e.g., bortezomib) because the former type of inhibition is thought to be more NF-B-specific and might 
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produce less toxicity. In addition, it may be possible to enhance the drug affinity to the target molecule by using the structural information of the drug-target interface, if available. Therefore, we varied the maximum drug concentration (achieved at 1 h after dosing) and the drug binding affinity to assess their effects on the AUIC. Table 1 summarizes the simulation results for the various strategies. Even when the maximum drug activity was set at 100% inhibition, bortezomib could reach an AUIC of only 39.9%. The AUIC could be increased significantly by either higher doses or higher target-binding affinities, as expected. However, the impact of a given increase in dose or binding affinity was much greater for inhibitors targeting the kinase IKK (A) than for those targeting the proteasome or NF-B itself (B) . If the comparison were applied to inhibitors whose actual properties are known, the AUIC values could be used to select the most effective therapeutic agent.
Discussion
Our simulations suggest that the system behaves differently depending on which molecule is targeted for inhibition within the pathway. In particular, inhibition of the upstream events (IKK activity and IB␣ degradation) produced similar inhibition dynamics, whereas direct inhibition of NF-B resulted in a distinct dynamics. This is in contrast to the simplistic view of static inhibition. The inhibition dynamics depends on the specific target of inhibition and the intracellular concentration of the inhibitor molecule. Short transient spikes in the level of nuclear NF-B in an oscillating system (e.g., from inhibiting upstream events with a low drug dose) may be enough to trigger discrete bursts of the expression of some immediate target genes. The consequences of this could be best considered in the context of particular tumor cell types. In the examples of upstream blockade, complete inhibition may be achieved only if the intracellular concentration of the drug is high, perhaps unrealistically so. Therefore, high oscillation of the system might be inevitable for a subset of the cancer cells with low drug concentration. One might attempt to overcome this partial inhibition by modifying the drug dose and schedule. This kind of partial inhibition seems to be less pronounced for drugs targeting NF-B directly, as suggested by the model. The oscillation is milder both for high and low drug concentrations.
Transient or prolonged oscillations are inevitable conse- quences of any network that possesses robust negative feedback. It is expected to occur when the system moves from one stable state to another (from active to inactive, or vice versa). Because many, if not all, molecular pathways contain such a feature, inhibition attempts of such pathways should also consider this phenomenon and possibly exploit its properties to therapeutic advantages.
The drug concentration in the target cell may have different time course than the first-order pharmacokinetics we used above. However, especially for hematological cancers, the drug concentration may be quite comparable between the plasma and the target cell compartments. For solid tumors, the parallel would be less prominent but the corresponding drug concentrations may still be related after adjusting for delays and distribution, etc. The drug concentrations within tumor cells of treated patients fluctuate according to the pharmacokinetics and penetrability of the drug into the target tissue and cells. The consequence of this variability upon the inhibition dynamics should be examined when assessing drugs that inhibit specific targets in the pathway. The expected modulation estimated by the inhibition dynamics can reveal whether key downstream effector molecules are sufficiently inhibited at all times under various treatment protocol scenarios. The present approach of combining simple pharmacokinetics and a systems model of the target pathway is a compromise taken in the absence of more accurate pharmacokinetic data at a finer cellular resolution.
The AUIC was introduced as a measure of total drug effect of an inhibitor. The AUIC seems to be influenced most strongly by what the drug is targeting within the pathway. Not only can this be used to compare different inhibitors as single agents, but also can it be used to assess synergism/ antagonism of combination therapies of inhibitors of the same pathway. For example, if the AUIC for two inhibitors administered together is greater than the sum of the AUIC values for each inhibitor separately, there is benefit in the combination therapy as a result of synergy.
The general approach presented here can facilitate rational strategies for drug development by bridging the gap between the preclinical and clinical stages, as in Fig. 7 for example. The dynamic systems point of view may have useful applications for simultaneously optimizing the drug target, dosage, and treatment schedule. Although not considered in this work, the optimization can also be done such that specified toxicities are minimized. It is critical that therapeutic optimization must be done in light of diverse adjustable parameters including molecular/cellular properties, in vivo PK/pharmacodynamics properties, and dosing schedule of the drug. For this purpose, a quantitative model can be used to link the multiscale parameters of the system. More work should be devoted in the future to make firm links between knowledge gained about disease-related molecular pathways and clinical observations regarding the corresponding targeted therapeutics. In summary, we believe that the analysis of inhibition dynamics is an important emerging tool that should be incorporated into any molecularly targeted therapeutic strategies along with considerations of drug design, synthesis, toxicity, and delivery.
